Abstract Coronal mass ejections (CMEs) and other solar eruptive phenomena can be physically linked by combining data from a multitude of ground-based and space-based instruments alongside models, however this can be challenging for automated operational systems. The EU Framework Package 7 HELCATS project provides catalogues of CME observations and properties from the Heliospheric Imagers onboard the two NASA/STEREO spacecraft in order to track the evolution of CMEs in the inner heliosphere. From the main HICAT catalogue of over 2,000 CME detections, an automated algorithm has been developed to connect the CMEs observed by STEREO to any corresponding solar flares and active region (AR) sources on the solar surface. CME kinematic properties, such as speed and angular width, are compared with AR magnetic field properties, such as magnetic flux, area, and neutral line characteristics. The resulting LOW- CAT catalogue is also compared to the extensive AR property database created by the EU Horizon 2020 FLARECAST project, which provides more complex magnetic field parameters derived from vector magnetograms. Initial statistical analysis has been undertaken on the new data to provide insight into the link between flare and CME events, and characteristics of eruptive ARs. Warning thresholds determined from analysis of the evolution of these parameters is shown to be a useful output for operational space weather purposes. Parameters of particular interest for further analysis include total unsigned flux, vertical current, and current helicity. The automated method developed to create the LOWCAT catalogue may also be useful for future efforts to develop operational CME forecasting.
Introduction
Severe space weather has the potential to significantly impact a range of vital technologies, both on Earth and in near-Earth space. Adverse space weather is known to result from solar eruptions in the form of solar flares ,and coronal mass ejections (CMEs), as well as associated solar energetic particle events. These eruptions often originate from turbulent and highly complex active region (AR) magnetic fields. Understanding the processes involved in these solar eruptions, as well as their sources, is imperative to provide accurate space weather forecasts. CMEs are a main focus of current space weather operational systems considering their potentially severe impact on Earth, such as communication and navigation system disruption, power blackouts, and damage to spacecraft instrumentation (see e.g. Eastwood et al., 2017 , for an economic perspective). There are considerable research efforts underway to improve our understanding of CMEs to feedback to operational space weather forecasting efforts.
Catalogues of CME events have proven useful in order to better study their propagation. The NASA CDAW Data Center catalogue (Gopalswamy et al., 2009) contains manually identified CMEs since 1996 from the Large Angle and Spectrometric Coronagraph (LASCO) onboard the Solar and Heliospheric Observatory (SOHO; Brueckner et al., 1995) spacecraft. Automated catalogues such as CACTUS (Robbrecht and Berghmans, 2004) and CORIMP Morgan, Byrne, and Habbal, 2012) have become increasingly popular in recent years, considering the difficult task of manually identifying the significant number of CME events that are observed in an age of improved availability of spacecraft observations. Much previous work has been undertaken to statistically analyze properties of the CMEs made available by these catalogues (see Webb and Howard, 2012 , and references therein).
Most CME catalogues currently available have made use of the LASCO coronagraphs. However since 2007 the Solar TErrestrial RElations Observatory (STEREO; Kaiser et al., 2008) mission has provided an unprecedented insight into CME propagation, including a 3D perspective when the two STEREO A and B spacecraft were in the correct orbital position. Wide-angle imaging of the inner heliosphere has revolutionised our understanding of CMEs, solar wind, and corotating interaction regions . Heliospheric imaging provides the ability to track the evolution of these phenomena as they propagate through the inner heliosphere. Heliospheric Cataloguing, Analysis and Techniques Service (HELCATS) is a European Union Framework Package 7 project that provides the definitive catalogue of CME events observed by the STEREO Heliospheric Imagers (HI; Eyles et al., 2009) .
Thus far the results of the HELCATS project have been successful in enhancing our understanding of CMEs and their propagation (see e.g. Plotnikov et al., 2016; Moestl et al., 2017; Rouillard et al., 2017) . The results are particularly useful for improving CME arrival time predictions at Earth, and even at other planets in our solar system. However, forecasting when the CME itself will erupt remains elusive (Zheng, 2013) . The more established field of flare forecasting now uses an extensive variety of methods to create predictions, from simple Poisson statistics (Bloomfield et al., 2012) to more complex machine learning methods (Ahmed et al., 2013) . Unfortunately it is still unclear what methods are the best or even better than climatology (Barnes et al., 2016) , and many operational forecasting centers still rely on human forecasters to tailor predictions (Murray et al., 2017a) . Flare Likelihood And Region Eruption foreCASTing (FLARECAST) is a European Union Horizon 2020 project that aims to solve this uncertainty by creating an automated system that forecasts flares with unprecedented accuracy. In order to achieve such a goal, FLARECAST has created a large database of flaring activity predictors related to their AR sources and is undertaking a comprehensive evaluation of the many advanced prediction algorithms.
While there are a considerable number of different flare forecasting methods available, the vast majority of them use very similar predictors, namely some measure of the "complexity" of the solar surface AR magnetic field. It is natural to expect that AR magnetic fields may also prove to be key for CME forecasting purposes. Previous work has investigated correlations between AR photospheric magnetic field and CME properties (e.g. Venkatakrishnan and Ravindra, 2003; Guo, Zhang, and Chumak, 2007; Lee, Moon, and Lee, 2015; Tiwari et al., 2015) , as well as studied the locations of CME sources on the solar disk (Lara, 2008; Yashiro et al., 2008; . The connection between CMEs and associated flares has also been extensively studied, particularly between the duration and intensity of the flares and CME speed (e.g. Harrison, 1995; Andrews, 2003; Youssef, 2012; Harra et al., 2016) . Statistical analyses of these AR properties are important to investigate the solar surface source of CMEs in order to make the first steps towards CME forecasting, just as the field of flare forecasting has done before it. However this work is limited by the observations available at the time of study and the considerable time it takes to manually associate the CMEs in these large databases with flares and ARs.
The main deliverables of the HELCATS project are focused on creating catalogue parameters related to STEREO CME observations in the heliosphere, however the aim of HELCATS Deliverable 3.4 is to develop an automated algorithm to determine the solar surface source of the CME events. The algorithm is used to create the HELCATS LOWCAT catalogue, linking the STEREO/HIobserved CMEs to observations of associated solar flares and ARs, if any. This HELCATS catalogue provides an excellent opportunity for cross-collaboration with the FLARECAST project and their database of AR properties. It is worth noting that these projects focus on associations between CMEs and flares (and their AR sources). However CMEs can be also associated with other phenomena such as filament or prominence eruptions, with or without flares (see e.g. Moon et al., 2002; Jing et al., 2004) . This paper outlines the main algorithm steps in creating the LOWCAT catalogue, and the first initial scientific investigations using CME, flare, and AR data from both HELCATS and FLARECAST projects are also described. Section 2 describes the algorithm and resulting catalogue properties in detail, and highlights some initial results. Section 3 outlines the FLARECAST AR property database, and presents some example property comparisons between the two project databases. Discussion and conclusions are found in Section 4, particularly highlighting the availability of the data to the community and encouraging its use for future research efforts.
The LOWCAT Catalogue

Algorithm Development
With over 2,000 CME observations from mid 2007 until early 2017 available for analysis in the HICAT catalogue developed in HELCATS Work Package 2 1 (Barnes et al., 2015) , manually identifying each solar surface source for that many events was not feasible. To that end, an automatic algorithm has been developed that uses back-propagation to identify flare events and AR sources correlated with the CME events listed. The algorithm first associates the HI events to COR2 observations closer to the Sun, then to solar flare events, and finally to ARs on the solar surface. Note that while this simple method is sufficient for the purposes of this work, more complex methods could be used in future developments (see e.g. Davies et al., 2013) . Thomson scattering effects and 3D geometries need to be taken into account for events observed far away from the solar surface (Vourlidas and Howard, 2006; Davies et al., 2012) . This is particularly important for observations by HI-2, however only HI-1 observations from either STEREO A or B were used to create the HICAT catalogue.
Assuming constant radial velocity and constant CME width, a simple ballistic propagation model is used to search for candidates. First the algorithm identifies a time window during which a STEREO/HI-observed CME might have been observed by the STEREO/COR2 coronagraph. Here the initial distance can be taken as 12 R , final distance 2 R , and a typical range of CME speeds (150-1500 km) defined by Yurchyshyn et al. (2005) is used to constrain the search.
The CACTUS database, which contains CME events identified by an automated method, is searched for events occurring during this time window. The database was originally developed for LASCO/C2 observations, however was extended to include STEREO data during the HELCATS project (Pant et al., 2016) . The algorithm selects a COR2-observed CME with the closest angular width to the HI-observed CME, constrained by the north and south position angles.
Ballistic propagation is again used to define a time window of possible associated flares, using the identified COR2 CME event speeds where available. Here, the initial distance is taken as 2 R and final distance can be set as high as 0.5 R to take into account the non-constant speed of the initial CME phase (Byrne et al., 2010) . The algorithm searches for flare events in the National Oceanic and Atmospheric Administration Space Weather Prediction Center (NOAA/SWPC) Edited Solar Event Lists 2 by default. It will also check the NASA Reuven Ramaty High Energy Solar Spectroscopic Imager (RHESSI) flare list 3 if no events are found in the NOAA flare list, and for those events without any given location. The resulting flare list is further constrained by solar hemispheric location, ensuring the CME position angle corresponds to the quadrant where the potential flare peaks are located. If multiple flares are found within the search window the closest flare to the time window start is selected. The algorithm also limits the output to flares of Geostationary Operational Environmental Satellite (GOES) magnitude B-class and above, and for the RHESSI event list it allows only confirmed flare detections with a high-quality level defined in the list flags 4 . Finally, the algorithm associates any identified flare events with corresponding NOAA-numbered ARs. The flare peak location is used to search for nearby ARs on the solar disk if no number has been listed in the flare database. Some basic properties of these AR sources can be obtained from the NOAA/SWPC Solar Region Summaries, including the Hale (particularly the Modified Mount Wilson which includes δ spots; Künzel, 1965) and McIntosh (McIntosh, 1990) classifications.
Solar Monitor Active Region Tracker
In order to complete the HELCATS database, the Solar Monitor Active Region Tracker algorithm (SMART; Higgins et al., 2011) is then run to obtain magnetic field properties of the identified ARs. SMART is an automated system for detecting, tracking, and cataloguing ARs throughout their evolution. The algorithm uses consecutive image differencing to remove quiet-Sun and transient magnetic features, then region-growing techniques to group flux concentrations into classifiable features. See Higgins et al. (2011) for more details about how the algorithm works. SMART is run on regions using SOHO's Michelson Doppler Imager (MDI; Scherrer et al., 1995) and Solar Dynamics Observatory Helioseismic and Magnetic Imager (SDO/HMI; line-of-sight (LOS) magnetograms, depending on the date of the observations (HMI data being available from mid 2010). The flare peak time and location can be used to check for SMART regions even if no NOAA regions were identified. SMART calculates more complex magnetic properties related to the polarity inversion line (PIL), including PIL length, bipole separation, R value (Schrijver, 2007a) and WL sg (Falconer, Moore, and Gary, 2008) . Note that the gradient-weighted integral length of neutral line, WL sg , is defined as the line integral of the vertical field horizontal gradient over all PIL intervals where the value of potential horizontal field is greater than 150 gauss. This threshold is similarly used for the R value, which describes total unsigned flux near a strong-field, high-gradient PIL. A full list of AR information outputted by the algorithm is shown in Table 1 . Figure 2 . Flowchart outlining the steps involved in the automated algorithm used to create the LOWCAT catalogue. The event lists used are identified by ovals, input observations by rectangles, and the SMART algorithm by a diamond. Colours indicate steps in the main process, namely green for CME association, blue for flare association, purple for active region association, and magenta indicates the resulting LOWCAT catalogue.
Resulting Catalogue
All steps involved in the automated algorithm used to create the catalogue of properties are summarised by the flowchart in Figure 2 . The resulting LOWCAT catalogue is freely available online at figshare.com 5 (Murray et al., 2017b) , which is also linked from the HELCATS website. The algorithm has been run with version 4 of the HICAT catalogue, which contains 2,020 HI-observed CMEs, the first of which launched on 15 April 2007 and the last on 26 February 2017. In total there are 1,591 COR2 events, 714 flare events, 552 NOAA regions, and 451 SMART regions in the LOWCAT catalogue besides the original 2,020 HI events. It is worth noting the SMART algorithm has also been run for the Framework Package 7 AFFECTS project KINCAT catalogue 6 as part of HELCATS Deliverable 3.3, which contains a small selection of manually identified CME events. The same properties listed in Table 1 are provided as well as an estimation of the tilt of the PIL.
The entries in the LOWCAT catalogue for every 50th event in the HICAT catalogue were manually inspected for verification purposes, checking that the correct COR2 observation (85% correct), flare event (87.5% correct), and AR (95% correct), if any, were listed. Missed CME and flare entries were generally due to being outside the time search window. Limb events were the only ones missed by the AR detection part of the algorithm for the events examined, although these could not have been analysed even if they were included. The results of this basic validation are positive for the automated method, and highlights the feasibility of such a simple method for big data analysis. The CME detection accuracy is comparable to the validation efforts for the CACTUS database, which reproduced ≈ 75% of the catalogued CMEs (Berghmans, Foing, and Fleck, 2002) , although more events were analysed in this study.
The first part of the LOWCAT catalogue contains the ID of the HELCATS HICAT event, for example, the HCME B 20120305 01 event, which has been previously been studied by Magdalenić et al. (2014) , as well as the position and launch time of CME. The automated algorithm identified a COR2 CME from the CACTUS database to be associated with this particular event, starting at 2012-03-05 02:54 UT, which matches well with the expected launch times from the fixed-phi (02:06 UT), self-similar expansion (02:18 UT), and harmonic mean models (02:25 UT) as listed in the HICAT event information
7 . The LOWCAT catalogue lists properties of this event such as the COR2 CME mean speed, position angle, and width. The automated algorithm associated the COR2 event with a GOES X1.1 flare starting at 2012-03-05 02:30 UT from NOAA AR 11429. Flare magnitude, location, and start, peak, and end times are listed in the catalogue, followed by the SWPC and SMART properties listed in Table 1 as well as observation time and location.
The locations on the solar disk of all flare events and SMART locations in the LOWCAT catalogue are shown in Figure 3 . The transition of regions towards lower latitudes throughout the solar cycle is clear from the colour bar indicating observation date. A large majority of flare events and their AR sources are from around 2012 -2014. This is unsurprising considering the period of deep solar minimum around 2009 during which there were considerably less ARs on the solar disk. Note that there is an approximately one year gap in STEREO-A data from 2014 October while the spacecraft was behind the Sun, and data from STEREO-B is not available after 2014 September since contact with the spacecraft had not yet been re-established at the time of the end of the HI-CAT catalogue development. Comparison between the left and right plots also highlights the difficulty the SMART algorithm has detecting regions on the limb (and magnetic field analysis of these regions would not be as accurate anyway). However, the automated method still identifies ≈ 45% of the COR2 CME events to be associated with flare events, and ≈ 80% of those flare events have SWPC regions associated with them.
Initial Analysis
Figures 4 and 5 show the percentage occurrence of all the main properties in the LOWCAT catalogue. A typical range of CME speeds is found as expected from previous studies, confirming the choice of values for the automated algorithm, with a large amount of the CMEs in this catalogue ranging between ≈ 200 -600 kms −1 . The histogram of COR2 CME width shows that there is only a small number of halo events in the catalogue. Most of the SMART properties highlight typical ranges for these AR characteristics, particularly those associated with flaring activity. Interestingly, some parameters are distributed such that most values exist above a certain value, for example the R and WL sg values. This spurred some initial investigations into potential correlations between the CME, flare, and AR properties in the catalogue.
In order to confirm regions are being matched by the algorithm as expected (as a supplement to the manual checking), correlations between the flare event and NOAA numbers were examined. It is well established in the research community that large, complex ARs that have a history of flaring are likely to flare again, and AR properties are widely used for flare forecasting purposes (see e.g. Barnes et al., 2016 , and references within). Figure 6 shows the peak flare intensity versus the area of the LOWCAT regions as identified by SWPC forecasters, with colours indicating Hale class at the nearest time to the flare peak. The plot highlights that bigger flare events in the catalogue occur in bigger regions with more complex Hale magnetic classification sunspot groups, and βγδ regions produce the biggest flares in the catalogue. This is unsurprising, and is particularly reminiscent of Figure 2 of Sammis, Tang, and Zirin (2000) , presenting the same axes and labels for 2,789 NOAA-numbered regions. It must be noted that in the LOWCAT catalogue several events may have the same source region, and the Sammis, Tang, and Zirin work plots the largest quantities at any time in the AR's lifetime (not necessarily at flare peak). Nevertheless, the expected results encouraged further investigations into other correlations that may be found between various LOWCAT catalogue properties. Figure 7 presents comparisons between COR2 CME speeds (y-axes) and a selection of other LOWCAT properties (x -axes). The upper row in particular shows GOES flare peak intensities (left) and SMART region WL sg (right), with colour indicating COR2 CME width, such that yellow highlights halo CME events. It is clear that there is trend of larger flares associated with faster CMEs, although there is some amount of scatter. There is even more scatter found for WL sg , however both plots show wider CMEs for larger property values with the halo events tending towards the top right corner of the plot. This suggests the faster wider CMEs are associated with bigger flares and ARs with high WL sg values. For example, if forecasters were only interested in CMEs with speeds above 600 kms −1 , the LOWCAT catalogue suggests flares greater than B class and a WL sg value greater than 4 would be of interest. The other rows of Figure 7 show more SMART properties, with similar scatter to the upper row, however the colour now highlights the flare magnitude. X-class flares in yellow mainly tend towards the top right corner of the plots similar to the halo events but with more spread in values.
Previous work has suggested thresholds of importance for flare forecasting and CME forecasting alike may exist for these sorts of flaring AR properties (see e.g. Falconer, Moore, and Gary, 2008; Higgins, 2012) . Although one must be careful interpreting these results considering the small number of halo CME and Xclass flare events relative to the rest of the catalogue (see Appendix), the results of this initial investigation comparing the LOWCAT CME and AR properties suggests some of these parameters may indeed be useful for CME warning efforts. However, scatter plots can be difficult to interpret, particularly if hoping to draw conclusions regarding what parameters might be most useful for forecasting efforts. To better investigate this idea of warning thresholds, the FLARECAST project database was examined using different analytical techniques to expand upon the AR properties available for comparison. Figure 7 . Selection of LOWCAT flare and active region properties versus CME speed. The upper row colourbar highlights CME width, whilst the colours in the other rows show flare peak intensity (B-class in dark blue, C-class in light blue, M-class in green, and X-class in yellow). Note that all y-axes are in log space, and x -axes in log10 space.
FLARECAST Active Region Properties
FLARECAST (flarecast.eu aims to create an automated system for forecasting solar flares with unprecedented accuracy by combining advanced machine learning algorithms with a comprehensive database of flaring activity predictors. The AR property database 8 consists of AR photospheric magnetic properties extracted from the Spaceweather HMI Active Region Patches (SHARP, Bobra et al., 2014a) . SHARP data products contain AR data maps obtained from SDO/HMI full-disk data. Since the FLARECAST system under development is planned to be operational, all magnetic properties are calculated from the near-real-time (NRT) version of the Cylindrical Equal Area (CEA) de-projection of SHARP data (series hmi.sharp cea 720s nrt). See Bobra et al. (2014a) for further details on the SHARP data products. Table 2 lists the AR property groups included in the FLARECAST properties database. Each property group contains several properties. Property groups in Table 2 , in turn, appear grouped according to the data source they are derived from (SWPC AR catalogues, SHARP vector, LOS magnetograms, and intensity maps). The property database encompasses different AR physical phenomena and areas, for example, magnetic polarity inversion lines, (multi-) fractal distribution of field, photospheric proxies for coronal connectivity, magnetic helicity, and photopsheric flows, among others. The majority of properties included in the FLARECAST property database have been reported as having a relevant association with the occurrence of flares (see references in Table 2 ) and others have been developed and tested in the framework of FLARECAST.
Combining results from HELCATS and FLARECAST At present, the FLARECAST property database spans from the beginning of the SHARP data availability (September 2012) to April 2016 9 . Although SHARP data is produced at a 12-minute cadence, properties are calculated only hourly. Figure 8 displays the property data coverage. The number of property values present in the database is shown in time with a 30-days bin. Grey and white bars correspond to maximum and minimal numbers of properties present in each 30-days bin. Minimum and maximum values are due to the differences in computation time among different property-calculating algorithms. For properties that require longer computation times, their values can (at the moment) be found at cadences of 6, 12, and 24 hours. It is found that the maximum number of property values is quite small in June and July of 2013, mainly because many of SHARP data, in the FLARECAST HMI/SHARP service, have insufficient metadata pointing information for the property calculation.
Catalogue Comparisons
In order to cross-correlate the LOWCAT catalogue to the FLARECAST property database, an algorithm was developed that matches the source regions reported in the former to the regions listed in the latter. Source regions in the LOWCAT catalogue are labelled by their NOAA/SWPC AR number, if available, and/or SMART solar disk location. Regions in the FLARECAST database are primarily identified by HARP number, location, and NOAA number, if available. For each event in the LOWCAT catalogue registered after 1 September 2012, the algorithm searches for all entries in the FLARECAST Figure 9 . Quantitative measure for the location-based matching between LOWCAT CME source regions and FLARECAST property database regions. Left and right panels show the histogram and heliographic-spatial distribution of the quality factor. Majority of regions (81%) are matched within a 5-degree radius from each other and there is no apparent systematic bias with the heliographic location of regions.
database with time closest to the associated flare start or peak time, rounded to the hour before. Subsequently, the region matching is done by using the NOAA number (if available) or position. In the case of matching regions by position, a tolerance of 15 degrees in total position (= [longitude 2 + latitude 2 ] 1/2 ) is used. This implies that for a LOWCAT source region to be matched to a FLARECAST region, the former must be located within a circle of radius 15 degrees centred at the latter location. Once the LOWCAT source region has been matched to the FLARECAST region, any photospheric magnetic field property present in the database can then be associated to that LOWCAT event.
It is important to consider that SHARP regions can on some occasions include more than one NOAA region. Such cases are excluded from our analysis since properties can then be overestimated due to the presence of multiple ARs in the field of view. Between 1 September 2012 and 31 April 2016 a total of 812 HI and 665 COR2 CME events are registered in the LOWCAT catalogue. A total of 196 events are matched to FLARECAST regions, according to the criteria stated above. For each LOWCAT source region matched to a FLARECAST region, a matching quality factor is assigned. If the matching was done by means of the NOAA number, a zero value is assigned. On the other hand, if the source region is matched by location, the difference in distance between the regions is used as quality factor. he lower the quality factor the better, with zero values meaning the matching of regions was done exactly. Figure 9 shows the statistics of region matching quality. On the left, a histogram of the quality factor is displayed, while on the right the quality factor is displayed as a function of the heliographic (HG) position of the LOWCAT source regions. More than half (≈ 120 or 60%) of matched regions are done so exactly or within 1 degree (Figure 9, left) , although, 90% of the regions are matched with a quality factor less than ten degrees. On the other hand, no apparent systematic bias of the quality factor with the HG location is seen in Figure 9 . Using the FLARECAST property database allows the investigation of a great variety of photospheric properties in relation to CME production. Of particular interest are properties that are extracted from vector magnetic field data, since only LOS magnetograms are analysed by SMART for the LOWCAT catalogue. Due to the large amount of the properties in the FLARECAST property database (over 100 at the time of publication), this investigation focused on a subset of properties which have been found to be the top predictors for flare occurrence, tested using four different machine learning methods for prediction (Campi and Benvenuto, 2017) . Table 3 lists and describes the subset of studied properties selected. The resulting distribution of values for these properties in Table 3 are shown in Figures 10 and 11. 
Superposed Epoch Analysis
This section presents an example of how the FLARECAST property database can be used along with the LOWCAT catalogue for understanding photospheric conditions leading to eruptive flares. One powerful resource of the FLARECAST property database is that time series of AR properties can be constructed to observe the evolution of a property before the flare-CME event. Due to the relatively high number of CME events matched to AR properties, empirical average evolution of properties can be determined by performing a superposed epoch analysis. For all 196 LOWCAT events matched to FLARECAST regions, the 24-hour evolution prior to the eruption start time is saved for each studied property. No substantial difference was found using the peak instead of start time, since the cadence at which properties are registered is an hour and the difference between start and peak time in a solar soft-Xray flare is usually few to tens of minutes (Drake, 1971; Shibata and Magara, 2011) . The superposed epoch analysis is performed separately for three groups according to the CME speed value: i) slow (v CME < 420 km −1 ), ii) average-speed (420 km −1 ≤ v CME < 630 km −1 ), and iii) fast (v CME ≥ 630 km −1 ). These boundary CME-speed values correspond to median(v CME ) and median(v CME ) + σ(v CME ) values derived from the CME speed distribution (Figure 4 in Appendix section). In all related plots (e.g. Figures 12, 13, and 14) , green, blue, and red curves are associated to the slow, average-speed, and fast CMEs groups, correspondingly.
For this analysis only events with v CME = 0 are considered from the HEL-CATS catalogue. These zero-speed events correspond to events that have an initial HI-identified CME but no associated COR2 events are found. Out of 196 matched CME-AR cases, 150 have non-zero CME speed. From these cases, 67 are slow CMEs, 50 average-speed CMEs, and 33 fast CMEs. It must be noted that not all cases are included in each CME-speed group, depending on the specific AR property in consideration. This variation is caused by incompleteness of the property time series -in some cases not all 24 hourly values are present in the property database, and therefore null values can be present. In order to make the present analysis and its results meaningful, a filtering of the time series is performed. In this investigation a similar procedure to Singh and Badruddin (2006) is followed, which suggests the F test can be used to determine the statistical significance of the average time series. In this test, the sample is assumed to have a F -distribution, and the null hypothesis is rejected at a particular level of confidence. See Singh and Badruddin (2006) and references therein for more details.
The average time series depends on the number of samples, k, included in each v CME group. In this case, k is determined by the maximum number of null values allowed in any time series, n null . As a first approximation to this selection procedure, n null < 12, is used. That is, any sample with more than half of their epochs as valid values, is considered. For any null value in the selected time series, interpolated values are calculated. Once k is determined in each CMEspeed group for each property, the average time series and its associated F -value is calculated. Finally, F α , the tabulated F -distribution value, is calculated using n−2 and k(n−2) degrees of freedom at α = 95% confidence, where n = 24 is the number of epochs. For those properties/CME-speed groups where F > F α , the average time series is then statistically significant at α level. Table 4 summarizes the results from the F test, for all properties that showed significant results in at least one CME-speed group. Figures 12, 13 , and 14 show the superposed epoch plots for the top three performing properties from Table 4 , namely usflux total, usiz tot, and ushz tot. Figure 12 (left panels) shows that the initial value of total unsigned flux (Φ tot , usflux tot), which is measured 24 hours before the eruption start time, has a dependence on the v CME -group. The minimal initial value in each group increases with the CME-speed groups: slow CMEs show a minimal initial value of ≈ 1.0× 10 20 Mx cm −2 , medium-speed CMEs show ≈ 1.0 × 10 21 Mx cm −2 , and fast CMEs show ≈ 3.0 × 10 21 Mx cm −2 . This finding is consistent with the wellknown concept that AR containing large amounts of magnetic flux are prone to eruptive activity. However, and according to Figure 12 , the higher the total unsigned flux 24 hours before eruption, the bigger the chance of this eruption to be associated to fast CME speeds. On the other hand, Figure 12 (right) shows that in all three CME-speed groups usflux total average time series seem Figure 12 . Superposed epoch analysis for the total unsigned magnetic flux (Φtot, usflux total). In the left plot, three panels show the superposed time series for each CME-speed group: slow (top, green), medium (middle, blue), and fast (bottom, red). The plot on the right displays the average time series for each group in the left panels. Included time series and averages are determined to have statistical significance according to the F test.
to systematically decrease over the 24-hour period prior to the eruption. This trend could be a manifestation of decaying ARs. Average time series for slow and average-speed CMEs (green and blue) show close values between hours 21 and 9 before eruption, but for any other epoch AR that produced average-speed CMEs show higher Φ tot values. Values of Φ tot for fast-CMEs associated ARs (red) are well above the two other categories.
Corresponding superposed epoch analysis for the total unsigned vertical current (I z,tot , usiz tot) is shown in Figure 13 . As in the previous case, the minimal initial value of I z,tot seems to increase with the CME-speed group: 2×10 11 A, 5×10
11 A, and 5×10 12 A for slow, average-speed, and fast CMEs, respectively. In comparison to Φ tot , more variations of I z,tot (up to several order of magnitudes) can be seen in all three panels. This variation could be spurious, a consequence of the interpolation done for null values. Although, their appearance on the average time series (Figure 13 , right) for average-speed and fast CMEs (the statistically significant cases for this property) suggests that rapidly changing vertical currents could be present in regions before erupting. This effect, real or artefact, could be better studied by constructing higher-cadence time series, particularly making use of the highest SHARP data cadence of 12 min. It is important to remark that statistically significant time series in Figure 13 (right, blue and red curves) decrease in value with increasing v CME . Figure 14 displays the superposed epoch analysis for the total unsigned current helicity due to the B z component (H c,tot , ushz tot). As in previous cases, time series of H c,tot per CME-speed group (Figure 14, left) show the spread over the property value's range decreasing from slow to medium-speed to fast CME speeds. In particular, minimal initial values (24 hours before eruption) of total B z -contribution unsigned helicity are observed to increase with the CMEspeed group: 10 G 2 m −1 for slow CMEs, ≈ 20 G 2 m −1 for medium-speed CMEs, and 200 G 2 m −1 for fast CMEs. The level of hourly variations within the 24-hour study period appear to be in between those of I z,tot and Φ tot . This last finding becomes clearer by inspection of the average time series/CME-speed group (Figure 14, right) . The average time series for medium-speed CMEs (blue) is also observed to systematically decrease over a day before the eruption. On the other hand, fast and slow CMEs (red and green, respectively) appear to have a seemingly flat period, between hour 21 and 9, then a decrease over two hours, follow by a less steep decrease from 7-6 hours before eruption. Although, only red and blue curves are statistically significant according Table 4 . More AR properties could display statistically significant results in the superposed epoch analysis by performing a better filtering of the timeseries sample.
Time series of photospheric AR properties associated to eruptive events allows us to investigate statistical associations between CME characteristics (speed and/or angle) with parametrizations of the 24-hour distribution of values. It is clear from Figure 7 that scatter plots display large levels of dispersion to claim any (linear or non-linear) correlation between the variables. As an alternative, box-and-whisker plots allow a better defined association between CME characteristics and photospheric properties. Figure 15 presents the box-and-whisker plots for CME speed, v CME , versus 24-hours Φ tot distribution mean, median, and standard deviation (top row) and minimum, maximum, and initial values (bottom row). Box-and-whisker plots present groups of numerical data through Figure 15 . Box-and-whiskers plots of CME speed versus the 24-hour Φtot mean, median, standard deviation (top panels), minimum, maximum, and initial value (bottom panels). Solid black line corresponds to a fit of the median values (red horizontal lines) using a third-degree polynomial. Values in the horizontal axis are binned so the residual between the data and fit is minimized.
their distribution quartiles. In order to do so, the data is binned in the abscissa variable thus providing a distribution of values in the ordinate variable per bin. For a bin in any panel of Figure 15 , the red horizontal bar corresponds to the median value (second quartile), and the top and bottom of the blue box mark the third and first quartile, correspondingly. The whiskers (dashed lines) represent the maximum and minimum values of the distribution, excluding outliers (black crosses). In this way, the CME speed is represented by the median value of the distribution in each Φ tot bin.
In order to test for a linear or non-linear association between the variables, for each box-and-whiskers plot in Figure 15 a third polynomial curve (solid black line) is estimated by fitting the median values. In addition, linear (Pearson) and non-linear (rank Spearman) correlation coefficients are calculated and displayed. The polynomial degree and number of bins in the abscissa coordinate were selected to minimize the residuals between the binned data and fit. By visual inspection of the data-fit curves, median values of CME speeds seem to show an increasing relation with all 24-hour Φ tot distribution-related quantities in Figure  15 but one, the 24-hour Φ tot standard deviation. At least two relationships show moderate to strong correlations (value s = 0.5 -0.75): maximum value and standard deviation of the 24-hour Φ tot . In the case of v CME and the 24-hour σ(Φ tot ) (although the number of data points in each plot is small; between 5 and 7), correlation coefficients show the CME speed having a moderate, negative, and slightly more linear relation with the 24-hour Φ tot standard deviation. This statistical association might suggest that fast CMEs can originate from regions in which the total unsigned flux varies little over the 24-hour window leading to the eruption. On the other hand, v CME and the maximum value of Φ tot 24 hours before eruption, show a moderate, positive, and linear correlation association, implying that the higher the maximum measured value of Φ tot , a faster CME could be expected. It should be kept in mind these statistical results correspond to CMEs associated to flares and ARs. Therefore similar analyses using noneruptive flaring or quiet active regions should be performed for completeness. Such comparative analyses could then provide precursor signals and/or probabilistic relationships for CME characteristics inferred from the evolution of AR photospheric properties.
Conclusions and Future Work
An automatic back propagation algorithm has been developed to identify source regions associated with CME events. The algorithm traces HI-identified events back to COR-identified events, associates flares with these COR-identified events, and then associates the flares with their AR sources. SMART is used to obtain complex photospheric magnetic field properties of these identified ARs. This algorithm (as summarised in Figure 2 ) has been run on the HELCATS project HICAT catalogue, producing the LOWCAT catalogue.
The LOWCAT catalogue is available open-access online (Murray et al., 2017a) , containing properties of the ≈ 2,000 HICAT CME events, ≈ 720 flares (≈ 45% of the CME events), and ≈ 550 NOAA/SWPC ARs sources. Although some events may be missed due to the strict algorithm constraints, the automated method enables easier study of such a large number of events, unlike the significant time effort involved with manual association. The solar cycle period during which observations were taken also limits associations, however the resulting numbers do compare well with similar large catalogue studies. Andrews (2003) found all X-class flares and ≈ 55% of the M-class flares were associated with 311 LASCOobserved CMEs from 1996 to 1999, supporting the conclusion of Harrison (1995) that particular flare intensities and durations do not guarantee CME association. Yashiro et al. (2005) found 20% C-class flares associated with 1,301 CMEs in a larger statistical study, and half of the CMEs associated with the C-class flares were invisible in LASCO. Regarding eruption location on the solar disk, Lara (2008) previously found that CME activity has a slight preference for the northern and southern hemispheres during the first and second halves of a solar cycle, respectively. The LOWCAT events seem generally evenly distributed in Figure 3 , although the data gaps do not allow any more conclusions to be drawn regarding spatial correlations.
The simple correlations between the properties available within LOWCAT presented in Section 2.4 are comparable to previous investigations involving other catalogues of LASCO CME observations (rather than STEREO). Yashiro et al. (2005) found CMEs associated with X-class flares were faster, with wider extents, than those associated with C-class flares. In a study of 86 flare-associated CMEs, Guo, Zhang, and Chumak (2007) found faster flare-associated CMEs tend to be accompanied by more intense flares. Further, for CMEs associated with 55 ARs, Guo, Zhang, and Chumak found that fast CMEs initiated from ARs with large total flux and effective distance (a parameter quantifying magnetic complexity). Similar trends between CME, flare, and AR properties are found in Figure 7 , with the fast halo CMEs being associated with X-class flares and big, complex ARs. However, it is apparent that the traditional scatter plot method generally does not clearly highlight potential correlations, and the more detailed analysis used for the LOWCAT-FLARECAST comparisons has proven to be more insightful in this case into what particular AR properties may be most useful for CME warning purposes.
The initial exploration of the FLARECAST AR property database in relation to eruption/CME characteristics demonstrate the importance of investigating full-vector field photospheric properties, in accordance with previous studies (Tiwari et al., 2015; Venkatakrishnan and Ravindra, 2003) . It is made clear in this investigation that the 24-hour time evolution of photospheric properties provides more insight than single values at the eruption onset and improve the statistical quality of results. According to the results presented here, three properties show significant statistical association with the CME speed: total unsigned flux, total unsigned vertical current, and the total unsigned B z -contribution helicity current. In all three cases, the minimal property value 24 hours before eruption showed an increasing tendency from slow, to medium-speed, to fast CMEs. The evolution during the study period showed two interesting behaviours of the properties: for eruption-associated ARs, on average i) the total unsigned magnetic flux decreases relatively steadily, ii) total unsigned vertical current shows shorttime oscillations. On the other hand, using alternative data representations to traditional scatter plots, empirical relations between the CME speed and the 24-hour property distribution descriptors for total unsigned magnetic flux were found: i) a negatively linear correlation between CME speed and the standard deviation, and ii) a positively linear correlation between CME speed and the maximum measured values in 24 hours.
The results presented in this paper highlight some initial investigations with the properties listed in the new LOWCAT catalogue and FLARECAST database. It must be noted that the analyses presented here serve to show examples of what can be done with the datasets in the hope they will be used extensively in the future. With both data sets freely available online the authors encourage the community to continue these initial investigations. Comparison with other catalogues may prove interesting in the future, such as associating the CME events with filament eruptions (e.g. the SDO catalogue of McCauley et al., 2015) . The HELCATS project has also developed numerous other catalogues (such as ARRCAT, CIRCAT, ICMECAT, LINKCAT, and RADCAT) which are all also open access and could be used for more detailed studies of CMEs as they propagate out from their source into interplanetary space (some impacting Earth).
Ultimately these statistical analyses on large datasets provide important insight into the link between CME and flare events, as well as characteristics of eruptive active regions. The correlation algorithms presented here have been written such that other catalogues could be easily integrated, for example they could be run with LASCO CME catalogues in the future. The code is freely available to anyone who may wish to use it, and may prove useful for future operational CME forecasting efforts.
